Recently pathogen counts in drinking and source waters were shown theoretically to have the discrete Weibull (DW) or closely related discrete growth distribution (DGD). The result was demonstrated versus nine short-term and three simulated long-term water quality datasets. These distributions are highly skewed such that available datasets seldom represent the rare but important high-count events, making estimation of the long-term mean difficult. In the current work the methods, and data record length, required to assess long-term mean microbial count were evaluated by simulation of representative DW and DGD waterborne pathogen count distributions. Also, microbial count data were analyzed spectrally for correlation and cycles. In general, longer data records were required for more highly skewed distributions, conceptually associated with more highly treated water. In particular, 500-1,000 random samples were required for reliable assessment of the population mean ±10%, though 50-100 samples produced an estimate within one log (45%) below. A simple correlated first order model was shown to produce count series with 1/f signal, and such periodicity over many scales was shown in empirical microbial count data, for consideration in sampling. A tiered management strategy is recommended, including a plan for rapid response to unusual levels of routinely-monitored water quality indicators.
INTRODUCTION
Finally, a treatment plant operating reliably under a constant set of protocols will nevertheless produce fluctuations in water quality of varying magnitude that include the more rare but more important upset conditions (Englehardt Medema ), treatment system failures, and contamination during distribution (Hunter et al. ; Nygård et al. ) . An example is the Milwaukee Cryptosporidium incident in 1993, in which >50 people died (Besner et al. ) and various sequelae were identified (Naumova ) . The rare occurrence of such large events results in count distributions that are extremely right-skewed, with tails ranging or scaling over orders of magnitude over the long-term.
Scaling data are difficult to represent with most parametric distributions, because the rare events accounting for the great majority of impact are not often represented in available data. Therefore, while a distribution may be flexible enough to fit the available data (Gonzales-Barron et al.
;
Francis et al. ), there may be little basis for extrapolating results to the extremely large events of interest unless a particularly long record is on hand. In fact, actuaries have long known the large number of data points required to estimate parameters of such distributions. For example, to estimate the parameter of a single-parameter Pareto II distribution within ±5%, 1,165 data points are required for with 90% confidence, 1,655 are required for 95% confidence, and so on (Reichle & Yonkunas ) . Thus, to estimate the Dutch annual risk target of one infection per 10,000 people, some 500 samples of 2,000 L each might be needed (Teunis et al. ) , and infrequent regular sampling may contribute little to risk reduction (Signor & Ashbolt ) .
Theory can provide some basis for extrapolation beyond the range of the data. Theoretically, highly skewed distributions of non-negative outcome size are produced by multiplicative (non-linear) processes, such as first order and pseudo-first order mathematical growth processes (Englehardt & Li ) . For example, the size of high-count events in a lake might result from a confluence of preceding causes, such as a nearby public event in the water shed, coupled with high temperatures, coupled with extreme precipitation, coupled with a lake 'turnover' providing high levels of nutrients. The sizes of such preceding causes are not additive, but are considered to act multiplicatively on the final outcome size. In multiplicative physical systems, extremes become disproportionately more extreme, producing non-negative distributions that scale. In contrast, linear (additive) physical processes tend to produce bell-shaped distributions of outcome size, positive and negative in size, as given by the central limit theorem. For example, the water level in a lake as a result of several precipitation and drainage events may have a normal distribution of uncertainty and/or variability. When linear (additive) models have been applied to explain scaling data, the sometimes incongruous results have included distributions of outcome size having zero (small) probability of zero (small) outcome sizes (e.g., the lognormal distribution); infinite variance (the Lévy distribution); and the negative-positive range, mean zero, of fractional Brownian motion models (Mandelbrot ) . 
DEFINITIONS AND METHODS
In this paper, the term distributional form refers to the continuous or discrete, truncated or un-truncated, mathematical form of a probability distribution having the same cumulative distribution function (CDF) subject to change in parameter values and location over a unit interval. A mean is the population (arithmetic) mean, unless specified as a sample mean, and average refers to the sample (arithmetic) average. The term 1/f noise refers specifically to a time series of outcome sizes (e.g., pathogen counts) for which spectral power, or squared magnitude of the Fourier transform, is roughly proportional to the inverse of frequency. The term record refers to a series of count values observed in time or space (either simulated counts, or counts measured in water samples), and the record length is the number of count values in the record.
Finally, to scale is to range over orders of magnitude.
To evaluate methods of assessing long-term mean count, synthetic water quality data sets were simulated from DW and DGD distributions representative of those observed in drinking and source water in Matlab ® , S-PLUS, and Cþþ.
Monte Carlo simulation was by analytical (Englehardt & Li ) and numerical inversion of the CDFs, respectively.
The DW has closed form probability density function (PDF) and CDF, a strong practical advantage over the DGD, and can be written (Nakagawa & Osaki ):
In Equation (1): ν is the count (e.g., number of viable organisms in a water sample); p(ν) is the probability mass function (PMF) of the discrete variate, ν; P(ν) is the CDF;
and q and η are shape parameters. Conceptually, η is related to the number of causes of pathogen counts (e.g., number of treatment stages), with small values corresponding to more numerous causes and higher skew of the distribution. For example, more highly treated water might have smaller η, indicating higher count variability though perhaps lower mean count. The mean of the DW defined on the set {0, 1, 2, …} was given incorrectly by Nakagawa and Osaki and others, but can be found as a sum from ν ¼ 1, as follows
in which M is a large integer. In previous work a value of M ¼ 1,000 provided a convergent value for the mean.
The DGD can be written (Englehardt et al. ):
in which b and β are shape parameters; β, like η, represents higher skew and conceptually more numerous causes of counts. The normalizing constant, D b,β , can be computed as:
The mean of Equation (3), equivalent to the concentration, d, of a pathogen, is: 
RESULTS
The most standard way to evaluate estimates of a mean is with confidence intervals. As shown in Figure 1 , extremely long data record lengths were indicated to be needed for In a source water or treatment plant, there is no reason to expect that temporal correlation among causes of counts does not extend among, as well as within, the counts on an irregular weekly schedule, though daily samples were occasionally collected; therefore, the Fourier analysis was considered most meaningful for wavelengths from 5 years (frequency 5.5 × 10 À4 /d) to 4 weeks (Nyquist frequency 0.036/d, equal to one half of a regular two-week sampling frequency). Over this range of frequencies, the power spectrum shown has a log-log linear trend with slope À0.9166,
classical 1/f noise. The corresponding autocorrelation function indicates positive correlation among counts more than 400 days apart (data not shown).
In Figure 6 
DISCUSSION
The long record length shown in this work to be needed to reliably assess the long-term mean of a scaling distri- 
CONCLUSIONS AND RAMIFICATIONS FOR PATHOGEN MANAGEMENT
Results presented in this paper provide some insight into the use of environmental data for the assessment of pathogen exposure due to consumption of contaminated water. Principal conclusions are:
• The key message from our paper is that pathogen events in drinking water that are important to public health are episodic and short-lived, intrinsically punctuating a much lower equilibrium density. The ramification for improved drinking water management is that improved control of waterborne pathogens, for example in potable reuse systems coming online, is unlikely to be achieved through traditional water 
